ABSTRACT microRNAs (miRNAs) play key roles in cancer, but their propensity to couple their targets as competing endogenous RNAs (ceRNAs) has only recently emerged. Multiple models have studied ceRNA regulation, but these models did not account for the effects of co-regulation by miRNAs with many targets. We modeled ceRNA and simulated its effects using established parameters for miRNA/mRNA interaction kinetics while accounting for co-regulation by multiple miRNAs with many targets. Our simulations suggested that co-regulation by many miRNA species is more likely to produce physiologically relevant context-independent couplings. To test this, we studied the overlap of inferred ceRNA networks from four tumor contexts--our proposed pancancer ceRNA interactome (PCI). PCI was composed of interactions between genes that were coregulated by nearly three-times as many miRNAs as other inferred ceRNA interactions. Evidence from expression-profiling datasets suggested that PCI interactions are predictive of gene expression in 12 independent tumor-and non-tumor contexts. Biochemical assays confirmed ceRNA couplings for two PCI subnetworks, including oncogenes CCND1, HIF1A and HMGA2, and tumor suppressors PTEN, RB1 and TP53. Our results suggest that PCI is enriched for context-independent interactions that are coupled by many miRNA species and are more likely to be context independent.
INTRODUCTION
MicroRNAs (miRNAs) are endogenous, small, noncoding, single-stranded RNA molecules that are evolutionarily conserved. They act as post-transcriptional regulators that modulate the rates of both protein translation and mRNA decay (1) (2) (3) . miRNAs are involved in virtually every cellular process, from early development (4-6) to organ function (7, 8) . Their dysregulated expression is associated with human diseases, including diabetes (9), cancer (10) and infection (11) . Conversely, more than half of all human mRNAs contain likely miRNA target sites and are post-transcriptionally regulated. Collectively, miRNAs regulate nearly all developmental pathways, including in the context of oncogenesis (12) .
Numerous studies have shown that miRNA target abundance can alter miRNA activity (13) (14) (15) (16) (17) (18) . The corresponding regulatory mechanism has been named competing endogenous RNA (ceRNA). We call miRNAs that potentially co-regulate RNAs shared miRNAs, and note that two RNA species may become coupled through their shared miRNAs (19) . For simplicity, we refer to shared miRNAs responsible for inferred interactions between ceRNAs as ceRNA mediators and networks of inferred ceRNA interactions as ceRNETs. When dysregulation of one mRNA species--e.g. via copy number alterations (CNAs) or mutations that change its transcriptional regulation--modulates the expression of another mRNA through ceRNA regulation, we call the former a ceRNA regulator and the latter a ceRNA target, respectively. Notably, however, ceRNA interactions are mostly bidirectional, and, thus, depending on which one of the two is independently dysregulated, either one can be considered the regulator or the target.
Mathematical models for ceRNA regulation have been developed by multiple groups (20, 21) , and include models for ceRNA co-regulation (22) , for the effects of miRNAtarget binding strength on ceRNA regulation (23, 24) , for the effects of the number of miRNA binding sites per ceRNA (25) , and for the interplay between ceRNA regulation and other types of regulatory interactions (26) (27) (28) (29) . Biochemically validated models that focus on a specific ceRNA interaction, mediated by a single shared miRNA, suggest that high miRNA abundance levels and low miRNA-totarget abundance ratios are required for physiologically relevant ceRNA regulation (14, 15, 30) . While these models helped improve our understanding of ceRNA regulation, they did not account for miRNAs that have hundreds of other targets or for ceRNA regulation by multiple shared miRNA species . We propose a model that directly accounts for (i) regulation of hundreds of targets by each miRNA that mediates the interaction of a specific ceRNA-pair, (ii) existence of multiple distinct ceRNA mediators for the same ceRNA pair and (iii) participation of each ceRNA in multiple ceRNA interactions that are mediated by distinct sets of miRNAs. Modeling these properties addresses a key gap in our understanding of ceRNA regulation, and suggests that multiple ceRNA regulators can act in concert to induce profound dysregulation of common target genes involved in human pathophysiology. We describe the regulatory potential and limitations of ceRNA regulation according to our model and present specific conclusions drawn from its analysis that are supported by evidence from biochemical assays.
Simulations of ceRNA regulation using established parameter values suggested that ceRNA interactions that are mediated by many (∼16 in our simulations) miRNA species become virtually independent of the abundance of the individual shared miRNAs and nearly omnipresent. Because of the variability of the expression of their many shared miRNAs across contexts, we expect these interactions to be implemented by a minority of the potential miRNA mediators in each context. To test these conclusions, we studied the overlap between predicted ceRNETs from four highly distinct tumor contexts. Our analysis suggested that predicted ceRNA interactions across the four contexts are mediated by many miRNAs--17 on average--and that these miRNAs often have unique expression signatures in each tumor context. Consequently, these interactions were supported by non-overlapping sets of mediating miRNAs in each context.
MATERIALS AND METHODS

A kinetic model for of ceRNA regulation
Our steady-state formulation for RNA abundance and miRNA-ceRNA complex formation is supported by the observations that the half-life of most mRNAs (hours) (31) , is much longer than both the diffusion time of a regulator (32) and the balance between miRNA-target binding and their disassembly (33) . We note that because miRNAs have a long half-life (up to 72 h) (34) (35) (36) , even relatively low rates of miRNA synthesis can produce high abundance and consistent regulation.
We first used the model to study interactions between two arbitrary RNA species--RNA 1 and RNA 2 --as a function of the count and abundance of their shared miRNA regulators at steady state. We then extended this model to account for other miRNAs and other targets of the shared miRNAs (Supplementary Figure S1) . We accounted for up to hundreds of additional targets for each shared miRNA species and for up to dozens of additional miRNA regulators for each target RNA. Our Monte Carlo analysis suggested that the ceRNA regulation efficiency depends both on the number of shared miRNA species and on the abundance of their high-affinity targets.
Single interaction model
We begin by describing a naïve single-interaction model that accounts for interactions between miRNAs and their target. ceRNA regulation is a consequence of changes in the abundance of free miRNAs, which in turn is a function of changes to miRNA degradation rates and the abundance of miRNA-target complexes--increases in miRNA-target complexes amount to reductions in the abundance of miRNAs that are free to regulate other targets. To model both, we describe the binding of miRNAs to their targets, as well changes to their abundance, using Michaelis-Menten kinetics, represented schematically below.
Here, m and θ represent the abundances of a miRNA and its target, respectively, and C represents the miRNAtarget complex. The parameters k on , k off and k cat are chemical rate constants with units of molecule/second. We assume that miRNAs and targets that form complexes will be degraded asymmetrically. To model this, we use the dimensionless rescue parameter ρ to allow for a proportion of bound miRNAs to escape degradation and be reused (recycled) by the RNAi machinery (23, (36) (37) (38) . While ρ can take values between 0 and 1, we set ρ closer to 1 so that most bound miRNAs will escape degradation and could be reused to target other genes; higher ρ leads to weaker ceRNA effects. The abundance of C is dependent on both miRNA and Ago abundances, and the latter may have a dominant modulatory effect on miRNA activity and target coupling (38, 39) . Our model produces the following equations, which describe changes in free target abundance (Equation 1), free miRNA abundance (Equation 2), and miRNA-target complex abundance (Equation 3) as a function of their synthesis rates (α) and degradation rates (β)--both assumed to be constant--as well as the chemical rate constants that dictate complex formation and disassembly.
Typically, the complex binds and unbinds much faster than RNA transcription and degradation (40, 41) : with unbinding expected ∼10 min after binding (42) , whereas transcription and degradation times have been estimated at over 100 min for the average length mRNA (42, 43) . Consequently, the complex is expected to be in quasi-equilibrium with respect to the abundance of miRNAs and their targets, and the rate of change to complex abundance can be approximated as zero, i.e. dC/dt 0. This suggests that target-dependent miRNA degradation is the predominant force associated with changes in free miRNA abundance at steady state.
Setting σ as shown in Equation (4) simplifies Equations (1)-(3) and reduces the number of system parameters, producing Equations (5) and (6) . The parameter σ can now be interpreted as the regulatory efficiency of the miRNAtarget interaction, which depends on miRNA-binding affinity.
The first derivative of θ (dθ/dt in Equation 5), represents the balance between the synthesis rate α of the miRNA target, its miRNA-mediated degradation rate σ m and its miRNA-independent degradation rate β. Similarly, the first derivative of m (dm/dt, Equation 6) represents the balance between the miRNA's synthesis rate α m and its degradation rate, which is a linear combination of its targetindependent degradation β and its target-mediated degradation (1 − ρ)σ θ. This, in turn, is guided by the rescue parameter ρ (23, 36, 37) , which depends on the quality of its 3 pairing (18, 30, 36, 38, 44) --a common feature of miRNA binding (45)--as well as on target abundance (16) .
Model extension to multiple shared miRNAs and targets
In a physiologic setting, both shared miRNAs and their targets are embedded in a network of densely-connected interacting RNAs. Each shared miRNA may have hundreds of targets, and each target may be regulated by dozens of additional miRNAs. The kinetic model presented in Equations (4)-(6) can be thus extended to study miRNA-mediated regulation in the presence of N competing targets and M additional regulating miRNAs, as given in Equations (7) and (8) below.
Moreover, miRNAs and their targets cooperate as a part of a large network of interactions, with only a subset of the genes being regulated by any given miRNA. This has the effect of selectively depleting the miRNA pool that is available for binding and regulation.
Mean field approximation
Our model describes the kinetic dependence between RNAs regulated by a group of miRNAs, assuming that each RNA interacts with each miRNA. In a more realistic cellular context, however, miRNAs and their targets are immersed in a large network of interactions, and only a subset of genes are regulated by any given miRNA. This has the effect of selectively depleting the number of miRNAs that are available for binding and regulation.
While explicitly considering all possible miRNA-target interactions in the cell is infeasible--computational predictions estimate that there might be as many of 1200 miRNAs regulating 14 600 target RNAs--we are not interested in the detailed description of each interaction but on their average effect on genes of interest, and therefore the systems can be modeled with a mean field approximation. In our simulations, we accounted for a context-independent regulatory network with 1220 miRNAs--of which only 15% were expressed in each context--that targeted 14 576 genes through 490 000 interactions (Supplementary Table S1 ). Interestingly, simulation results with up to 5× more or fewer predicted miRNA-target interactions had almost no effect on predicted target fold changes--average fold changes for interactions mediated by 20 miRNAs ranged from 1.61 to 1.62 and by 10 miRNAs from 1.21 to 1.22. As a point of reference, Cupid miRNA-target predictions are based on a majority vote within a bootstrapping-classification scheme; increasing the requirement from 50% to 95% of the votes lead to less than a 0.5-fold change in the number of predicted miRNA-target interactions. Consequently, we concluded that, under proposed parameters, the meanfield approximation is robust to changes to the stringency of miRNA-target prediction methods.
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where N θ , N m and N int are the total number of targets, miRNAs, and miRNA-mediated interactions. The equations can be solved and the average abundances of miRNAs and their targets,m andθ , can be obtained as a function of the average transcription rates, degradation rates, and regulatory efficiency,ᾱ θ ,ᾱ m ,β θ ,β m andσ . Provided with these average values, we can now return to the kinetic model and include all additional interactions described by their mean field abundances: (11) where N mj is the number of additional miRNAs that regulate target θ j , N θi is the number of targets regulated by m i , N m andN θ are respectively the average number of miRNAs that regulate a single RNA and the average number of RNA targets per miRNA; π a takes the value 1 if a > 0, 0 otherwise. For RNA targets of interest, this factor allows us to scale the effects of mean-field interactions as a function of the number of miRNAs explicitly considered. Namely, studying a particular gene and its k miRNA regulators, the mean field approximation of miRNA effects on this target is altered to acknowledge that the effects of k miRNAs that regulate this target have already been accounted for.
Using this modified system of equations, we were able to model the coupling effect between two genes with consideration for some of the indirect regulation that may affect their coupling activity. Namely, we considered the miRNAs that target both these genes and modulate their regulation, additional miRNAs that target one of these genes but not the other and thus may influence the dynamic range of its abundance, additional targets T of all said miRNA regulators that may affect the abundance of free miRNAs, and the miRNAs that target T.
Model parameters
We used the kinetic model (Equations 7 and 8) to investigate how changes to the abundance of RNA 2 affect the abundance of RNA 1 . We set model coefficients, including the miRNA-independent degradation rate β, regulatory efficiency σ , RNA synthesis rates, miRNA-target binding affinities, and the rescue parameter ρ according to published studies, as given in Table 1 (31, 33, 36, 46) ; typically, when using these parameters we obtained m > 20 and σ m > β. Published coefficients were adopted to achieve more physiological conditions. To study relative target fold changes, we fit generalized extreme value distributions using MathWorks Statistics Toolbox Distribution Fitting to simulation data. Each fit is reproduced in Supplementary  Figure S5 .
We used a fixed average recycling rate (ρ = 0.8) that translate to a conservative (low) target-mediated degradation rate--equivalent to a miRNA degradation event per five targeting events. We selected ␣ m to match a miRNA expression distribution observed in profiles of tumor samples. Namely, we created a distribution of miRNA-basal transcription rates based on miRNA expression profiles from 255 TCGA prostate cancer samples (47) and our average mRNA synthesis rates (48) . Here, for each given tumor sample, ␣ m and miRNA and mRNA abundances m and θ were estimated using Table 1 parameters together with their expression estimates in the sample following Equation S12 in Schwanhäusser et al. (31) ; the resulting ␣ m distribution was then normalized to produce a minimum ␣ m of 0 and the average rate of 2 molecules/h (49). In our simulations, ␣ m values were sampled from the resulting distribution; we note that profiles of TCGA cancer samples from each of fourteen tested tumor types produced nearly identical ␣ m distributions, suggesting that our ␣ m distribution is not context specific. Using these parameters, our simulations predicted that couplings that are mediated by twenty miRNAs lead to a 1.5-fold change in the abundance of the target gene in response to a 5-fold change in the abundance of the other gene--i.e. 80% silencing--as shown in Figure 1 .
Using published parameters avoids optimization and training, and is less likely to be biased, overfitted, or limited to specialized conditions. However, because these values are only estimates and in order to better understand the relationship between the model's parameters, we repeated the simulation using a wide range of parameters, including ␣ from 0.5 to 8 molecules/h, from 0.005 to 0.05 (molecules/cell) −1 h −1 , ␤ from 0.04 to 0.6 h -1 , ␤ m from 0.005 to 0.34 h -1 , and ρ from 0.7 to 0.95 (50) . Note that the range selection for ␣ and the mean expression for ␣ m were motivated by observations made by Marzi et al. (49) . We extended the range for ρ, which was previously set to 0.75 or 0.9 (38) to enable an investigation of the effects of ρ (Supplementary Figures S2 and S3 ). The range for ␤ and ␤ m was chosen to span 10× around values given in Table 1 and used for generating Figure 1 simulations.
Constructing ceRNA interaction networks (ceRNETs)
ceRNETs were assembled from independently-predicted ceRNA interactions, with predictions made by an algorithm based on the previously described Hermes and Cu- The probability that the miRNA is recycled (not degraded with its target) Figure 1 . Simulation: the ceRNA effect as a function of the number of mediating miRNA species. We simulated changes in steady-state abundance of RNA 1 as a function of the steady-state abundance of RNA 2 for varying synthesis rates ␣ m of their common miRNA regulators when each of these miRNAs regulates 400 other targets. In repeated simulations, synthesis rates for each miRNA varied between 1 and 4000 molecules per hour and were selected based on a distribution derived from TCGA miRNA expression profiles in prostate cancer tumors. All other parameters were taken from published estimates ( Table  1) . We report curves fitted to RNA 1 fold changes (Supplementary Figure S2 ) in 1000 repeated simulations following RNA 2 5-fold upregulation--from 50 to 250 molecules per cell--and where the two ceRNAs are co-regulated by up to 20 miRNAs. Minimal changes were observed when the two ceRNAs were co-regulated by 1-2 miRNAs (inset), but co-regulation by 16 or more miRNAs consistently increased RNA1 abundance by ∼50%.
pid (22, 51) . Hermes and Cupid predict coupling between miRNA targets based on the relative size of their shared miRNA regulatory program and the conditional mutual information between these genes and their mediating miRNAs. Namely, given genes T i and T j , and the set of miRNAs that regulate them mi R (T i ) and mi R (T j ), their shared program is identified by taking the intersection mi R (T i ;
. First, test that the size of mi R (T i ; T j ) relative to the sizes of the individual programs is statistically significant at FDR < 1E-2 by Fisher's exact test. Then, evaluate the statistical significance
, where CMI and MI stand for conditional mutual information and mutual information respectively, and the variables indicate the expression of the corresponding RNA species (51). The CMI is estimated using an adaptive partitioning algorithm (52) by first iteratively partitioning the 3D expression space evenly into 8 partitions per iteration until partitions are balanced (P > 0.05 by Chi-squared test), and then summing up CMI across partitions. P-values for each triplet are computed using a null-hypothesis where the candidate modulator's expression (T j ) is shuffled 1000 times, thus preserving the pairwise mutual information between miRNA and target. Final significance across the entire set of miRNA mediators is computed using Fisher's method to integrate both regulatory directions, i.e. T i affecting miR k regulation of T j as well as T j affecting miR k regulation of T i , for all miRNA mediators mi R (T i ; T j ). Specifically, the value
ln( p kji )] was computed and used to estimate a significance P-value for the entire program. Note that X 2 follows a Chi-square distribution, with 4N degrees of freedom, where N is the number of miRNAs in the shared program. Finally, only prediction passing significance of FDR < 1E-3 were selected. Note that selected predictions by Hermes have been validated in glioblastoma cell lines (51) .
In order to identify miRNA mediators in addition to ceRNA interactions, we modified our prediction algorithms to perform greedy addition of miRNA mediators and to optimize the combined P-value for each predicted interaction. Namely, for each candidate interaction, we searched for the minimum combined P-value through the greedy for-ward inclusion of individual miRNAs: mediators were included only if they improved the combined P-value as estimated using Fisher's method. Those that failed to improve the combined P-value lack functional evidence for mediating regulation. We constructed interaction networks for glioblastoma (53) 
Constructing the pan-cancer ceRNA interactome (PCI)
We studied the extent, overlap, and potential relevance of predicted ceRNA interactions across four tumor types, including glioblastoma (GBM) (53), ovarian (OV) (54), prostate (PRAD) (47) and breast (BRCA) (55) adenocarcinoma. Cupid predicts miRNA targets by integrating sequence-based predictions made by multiple methods (Supplementary Table S1 ). We note that ceRNA inference is not based on ceRNA co-expression, and is instead based on assessing whether the abundance of one RNA affects regulation of the other by their shared miRNA program (and vice-versa) based on the statistical significance of their conditional mutual information (22, 51) . As such, we did not make ceRNA inferences based on pairwise coexpression or co-regulation but rather based on evidence for a more complex, three-way interaction model; see details in Methods.
Each tumor-specific ceRNA-network included >5000 genes participating in ∼500K predicted interactions: each was defined by two RNAs and by the miRNAs that couple them. The four networks are given in Supplementary  Tables S2-S5 . Surprisingly, each pair of ceRNA networks had ∼300 000 ceRNA interactions in common or ∼43% on average of the total number of interactions inferred by the algorithm in each tumor context. If the true ceRNETs were completely tumor-context independent, and given an estimated false-negative rate of ∼30% (56), one would expect ∼49% of the inferred ceRNA interactions to be identical across tumor pairs--each interaction will be identified with a 70% chance in each network. Thus, this result suggests that ceRNA networks are largely tumor-context independent. In comparison, other regulatory networks inferred from the same data were dramatically more tumorspecific. For instance, only 1% of transcriptional interactions, as inferred by the ARACNe algorithm (57, 58) , were conserved between GBM and BRCA. Similarly, comparisons of protein-protein interactomes, assembled by identical high-throughput experimental assays such as yeast-2-hybrids, rarely contain >10% identical interactions (59) .
Moreover, 164 623 ceRNA interactions between 3803 genes--about a third of those inferred in each tumor and 13% of the size of the union of the four ceRNETs--were common to all four ceRNETs (FDR<1E-3); these interactions form a pan-cancer ceRNA interactome (PCI) and are reported in Supplementary Table S6 . Remarkably, if the actual ceRNETs--as opposed to our predicted networks that are incomplete and include false positives--were identical in all four tumor contexts, the expected overlap would be 24% (0.7 to the power of four, based on a 30% false negative rate). This observation supports the hypothesis that a majority of ceRNA interactions are cancercontext independent. In addition, a comparison of the number of miRNA co-regulators and predicted miRNA mediators for PCI interactions in each context suggested that, on average, PCI interactions have nearly three-times as many co-regulating miRNAs ( Figure 2C ) as other (more context-specific) ceRNA interactions. Note that coregulating miRNAs are miRNAs that are predicted to coregulate the coupled genes based on sequence analysis and cross-species conservation--this prediction is expressionindependent--as opposed to miRNA mediators, which are predicted based on evidence for ceRNA regulation from RNA-expression profiles.
To test the statistical significance of the network overlap, we performed permutation tests by swapping one million ceRNA interactions (network edges) at random between genes with shared miRNA regulators in each of the four networks. Such an approach preserves node connectivity and network topology while ensuring that randomized interactions are supported by a wild-type-comparable set of miRNA regulators (51) . Following 1E-12 such tests, we never observed a comparable number of common interactions across the four networks, suggesting an upper bound for the P-value, P < 1E-12 ( Figure 2A ). The result excludes the possibility that PCI is a by-product of network topology or co-regulation by miRNAs. In addition, to quantitatively address the potential contamination by transcriptional regulation events, we measured the overlap of breast and colon cancer transcriptional networks (60) with PCI. Our analysis revealed that less than 0.6% of the >185,000 candidate interactions in each of the two contexts are represented in PCI.
Tumor-specificity of PCI mediators
To study individual miRNAs that mediate PCI interactions in multiple cancer types, we focused on 247 miRNAs that could be detected in all of the four datasets. Surprisingly, only eleven of these were inferred to mediate interactions in all four networks (Cluster J in Supplementary Figure S7) , suggesting that pan-cancer interactions may indeed be mediated by different miRNA in each context. This is consistent with the results of the kinetic model analysis, because a miRNA that is in the appropriate rate-limiting kinetic regime to mediate a PCI interaction in one context may be expressed in a non-rate-limiting regime (i.e. too high or too low) in a different context, thus failing to provide a significant contribution. Furthermore, systematic analysis of PCI interactions confirmed that miRNAs inferred to functionally mediate these interactions are highly context specific. Indeed, for 66% of the PCI interactions, no miRNA was inferred as mediating the interaction in all four networks. See Supplementary Table S7 for interactions that are similarly mediated across networks, and Supplementary methods for detail. The overlap of ceRNETs in four tumor datasets identified a context-independent ceRNET (PCI). ceRNETs were inferred based on RNA profile datasets from breast, glioblastoma, ovarian and prostate tumors. (A) A significantly large set of nearly 165,000 ceRNA interactions were common to all four networks (P < 1E-12 by permutation testing) and these comprise the pan-cancer ceRNA interactome (PCI). (B) Most miRNA mediators of PCI interactions are context specific. We used Krippendorff's alpha coefficients (␣) to test the overlap between mediator sets of PCI interactions across networks; ␣>0.8 indicates good agreement. In total, 85% of conserved interactions had −0.15 < ␣ < 0.15 (no relation); 9% had ␣ < −0.15 (weak dissimilarity); 6% had ␣ > 0.15 (weak similarity); no PCI interaction had ␣ > 0.8. (C) Considering each context, coupled genes in PCI were co-regulated by nearly three times more miRNAs than other ceRNET interactions, respectively.
Identifying frequent miRNA mediators in each coupling network
When identifying miRNAs that were frequently predicted mediators of target coupling in each context, we considered only miRNAs that were predicted mediators of PCI interactions. miRNAs were evaluated for the significance of the odds ratio between the predicted frequency for that specific miRNA and the average predicted frequency for all other miRNA mediators across all interactions. We used a righttailed Chi-square (χ 2 ) test to examine if the odds ratio in a given context was significantly large, setting a P < 1E-5 cutoff for selection of frequent mediators. At this stringent threshold, the analysis identified 50-100 frequent miRNAs mediators within each context. In total, of the 247 miRNAs that were profiled across all four datasets, a total of 134 miRNAs were identified as frequent mediators of target coupling (Supplementary Figure S7) . Interestingly, most of these miRNAs mediate coupling in tumor-specific fashion, i.e. in one tumor but not in the others.
Predicting the expression of PCI targets
We used a ridge-regression with Glmnet for Matlab within a 10-fold cross-validation analysis scheme (61, 62) to predict the expression of each PCI target from the expression of its inferred regulators. Ridge regression was used to minimize over-fitting. For each PCI target, in each 10-fold crossvalidation step, Glmnet constructs a regression model using training samples to fit an estimateŷ for the PCI-target expression profile y. The test-set residuals (ε) are then compiled across the 10 testing sample sets by taking the difference between the target expression profile y and the fitted estimateŷ, i.e.ε = y −ŷ. To calculate R 2 , we take the sum of the square of the residuals across all samples,
whereȳ is the mean expression of the PCI target across the dataset. To assign P-values to the predictive ability we used bootstrapping. Namely, in bootstrap runs, the PCI-target expression profile y is replaced by y =ŷ + δ, where |δ| = |ε| and δ is populated by random selection from (ε), with replacement (63,64). Glmnet regression was repeated for one thousand bootstrapping y s, estimating bootstrapping R 2 using 10-fold cross validation analysis to produce a null distribution and a P-value was assigned by comparing the R 2 to this distribution. Note that this approach is virtually identical to the one used by Barretina et al. (65) , with the only difference being that the more conservative ridge-regression was used. When computing correlations between expression profiles of ceRNA targets and the standardized totals of the expression profiles of their predicted PCI regulators, the expression profile of each gene was quantile normalized and standardized (51) . Pearson correlations were computed between the expression profiles of the ceRNA target and the total expression of its regulators; no learning or optimization was performed.
Protein activity inference
We used VIPER (66) to analyze high-throughput assays and test whether inferred target-ceRNA protein activity was altered following silencing of their ceRNA regulators. VIPER estimates changes to the activity of a protein based on changes to the expression profiles of its predicted downstream targets (22, 67, 68) . Downstream targets were inferred by ARACNe (58, 69) in each tumor context.
Biochemical experiments
Details on cell and culture conditions, RNA interference and reverse transfection, over-expression and forward transfection, mutagenesis, RT-PCR analysis, highthroughput quantitative RT-PCR analysis, and dual luciferase reporter assays are given in Supplemental methods.
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RESULTS
We first present an analysis of our simulated ceRNA interactions based on a kinetic model for ceRNA regulation. Our simulations pointed to required conditions for effective ceRNA regulation and predicted that some ceRNA interactions are expected to be context independent. We then describe our efforts to computationally and biochemically test interactions that are predicted to be tumor-context independent.
Analysis of our ceRNA model suggests that effective regulation requires many miRNA mediators
Models for ceRNA regulation suggest that effective regulation is only possible when miRNA mediators operate in a rate-limiting regime (15, 25) . To test this assertion, we extended an established kinetic interaction model to describe the miRNA-target complex formation and its effects on the abundance of both miRNAs and targets, Supplementary Figure S1 (38, 39, 70) . The resulting model (see Methods) accounts for stoichiometric degradation of miRNA-target complexes and supports the assertion that ceRNA regulation is unlikely to result from purely catalytic titration of miRNAs or from perturbations of their transcription rates (12, 27, 33) .
We used this model to study miRNA-target couplings that may be mediated by multiple miRNAs (1 ≤ n m ≤ 20), where each miRNA regulated over 400 other targets. Namely, we computed the probability of observing a given RNA 1 fold-change as a function of RNA 2 changes over a 5-fold range according to our model using parameters that were motivated by published assays and with miRNA expression assigned based on expression distributions obtained from TCGA profiles of primary tumors (47) . Simulation results using Table 1 parameters are given in Figure 1 . Our analysis suggested that RNA 1 fold-changes became virtually independent of the expression of each individual miRNA when the interaction was mediated by many randomly selected miRNAs. The average RNA 1 foldchange was modest when the interaction was mediated by few shared miRNAs (1 ≤ n m ≤ 10), but increasing the number of miRNA mediators (to n m > 10) led to rapid asymptotic convergence to a 1.5-fold change in RNA 1 abundance (under Table 1 parameters). RNA-target coupling efficiency was highly variable and depended on individual miRNA expression when the number of miRNA mediators was 10 ≤ n m ≤ 16, but appeared independent of miRNA expression for ceRNA interactions with n m > 16.
Varying Table 1 parameters produced qualitatively similar results but with varying n m cutoffs and RNA 1 fold changes. Most importantly, for all parameter settings tested, n m = 1 and n m = 6 produced negligible expectation for ceRNA effects, while n m = 16 and n m = 20 produced effects with expected physiological relevance (Supplementary Figure S2 ); e.g. simulations with n m = 16, σ = 0.022, and ρ = 0.8, and setting σ, ρ as in Table 1 , produced fold changes ranging from 1.3 to 2.8 ( Supplementary Figure S3) . Every distribution in Figure 1 is given as a single data point in Supplementary Figures S2A and S3 . We also note that 7% of genes that are potentially co-regulated by at least one miRNA (Supplementary Table S1 ) are potentially co-regulated by at least 16 miRNAs, and even fewer are expected to be expressed in each context. We emphasize that our conclusions about the number of miRNA mediators that are expected for effective ceRNA regulation are dependent on the parameters used to populate the proposed model. Our parameter selection was motivated by estimates from published data, but these may not be appropriate for all contexts. However, it is important to note that, independently of the set of parameters, our model suggests that interactions with a greater number of miRNA mediators are expected to produce greater and more consistent ceRNA effects.
Our simulations suggested that the ceRNA effect strongly depends on the number of miRNA mediators and the stability of miRNAs--including miRNA recycling rates--as well as their relative binding affinity. In general, as clearly shown in Figure 1 and Supplementary Figure S2A , ceRNA effects increased with the number of mediating miRNAs. However, increasing the recycling rate (ρ) for interactions that were mediated by fewer miRNAs was compensatory and increased the ceRNA effect in our simulations (Supplementary Figure S3B ). In all cases, higher binding affinities (σ ) and lower target-independent miRNA degradation rates (␤ m ) lead to stronger effects (see Methods, Supplementary Figure S3 ). In addition, our simulations suggested that the number of targets for each miRNA mediator affected their ability to mediate interactions, and that cooperative regulation of a target by multiple ceRNA regulators increased the overall expected target fold change (Supplementary Figure S4 ).
In conclusion, analyses results, together with the observation that the distribution of miRNA expression profiles is nearly identical across tumor contexts (71, 72) , Supplementary Figures S2 and S3 , suggested that genes that are coregulated by many miRNAs are more likely to be coupled as ceRNAs, irrespective of tumor type or the abundance of individual species of shared miRNAs. Such ceRNA interactions are expected to be tumor-context independent.
PCI interactions are implemented in a context-specific manner
Our model predicts that, while effective ceRNA regulation is dependent on many factors, RNAs that are potentially coregulated by many shared miRNAs are more likely to result in ceRNA interactions, independent of individual miRNA abundance (10, 73) . Details on the construction of PCI are given in Materials and Methods, but we note that PCI interactions were inferred independently in each of the four tumor contexts. This, however, was not the case for the specific miRNAs that mediate them. While PCI interactions were predicted to regulate gene expression in all context, the sets of their mediating miRNAs were virtually non-overlapping across contexts ( Figures 2B and Supplementary Figure S3 ). This observation is in line with predictions by ceRNA models: PCI interactions are generally supported by many miRNAs; miRNA expression distributions are similar across contexts, but individual miRNA expression is context specific; while miRNA species that do not operate in a ratelimiting regime are expected to have minimal contributions to ceRNA couplings (23, 74) , a sufficient number of mediators are expected to support PCI interactions in many contexts.
Our own simulations suggested that each RNA-miRNA-RNA triplet has its own dynamics, depending on expression, degradation, and binding affinity parameters. Thus, the contribution of each miRNA mediator to each ceRNA interaction is dependent on many parameters and only those mediators that are expressed within their rate-limiting regime for this interaction will effectively contribute to its implementation. For ceRNA pairs that share many miRNAs--i.e. 17 miRNA species or 10 miRNA families, on average (Supplementary Figure S6) --this all but guarantees that at least some expressed miRNA species will operate in the right kinetic regime to mediate ceRNA coupling. Indeed, each inferred PCI interaction was predicted to be mediated by only 7 of the 17 shared miRNAs, on average (or five miRNA families). Consequently, considering evidence from tumor profiles, it is not surprising that the set of miRNA mediators for a given coupling were tumor-context specific ( Figure 2B) , and that the PCI is mostly composed of ceRNAs that are co-regulated by many miRNA species ( Figure 2C ). An example for the miRNAs predicted to mediate interactions in a small network clique is given in Figure 3 ; only 2 of the 109 miRNAs predicted to mediate these PCI ceRNA interactions were predicted in all four contexts.
Biochemical assays support PCI's tumor-context independence
The PCI was inferred by analyzing independent TCGA datasets for GBM, BRCA, OV and PRAD. We selected two small PCI subnetworks for experimental follow-up in multiple tumor contexts: one includes three oncogenes (CCND1, HIF1A, and HMGA2) and the other includes three tumor suppressors (PTEN, RB1 and TP53). These ceRNA interactions were tested in A549 (lung cancer, LUAD), C3A (liver cancer, LIHC), HT-29 (colon cancer, COAD), SK-MEL-28 (melanoma, SKCA), MCF7 (BRCA), U2-OS (osteosarcoma, OSCA), PC3 (PRAD) and SK-OV-3 (OV) cell lines, representing eight distinct tumor contexts, including five that were not used for ceRNA-interaction inference; GBM was excluded from the validation effort because the interaction between RB1 and PTEN has been previously reported in GBM cell lines (51) .
In each cell line, we measured expression fold changes of each gene, by qRT-PCR, following transfection of the 3 UTR of each gene in its triplet, including their own 3 UTR as a positive control; 3 UTRs of MAPK13, RSAD1 and THNSL1 were used as negative controls. qRT-PCR assays were performed on Fluidigm BioMark HD system in 3 biological replicates and with three technical replicates per biological replicate. Results are summarized in Figure 4A -B, and detailed fold-change responses to 3 UTR transfections are given in Supplementary Figures S8-S9 ; negative controls in A549 and U2-OS are shown in Figure 4C and Supplementary Figure S10 . In total, in 80% of the experiments, predicted targets were significantly upregulated (P < 0.05 by t-test). While significant and highly consistent, individual responses were relatively small, with an average 1.4-fold increase in gene expression and only 29 interactions showing >50% increase; this is consistent with previously reported results (51, 56, 74 ) and with our model's predictions (Figure 1 , a 5-fold increase of an RNA lead to a 1.5 increase of its ceRNA partner).
To confirm that observed interactions are mediated by miRNA binding sites in 3 UTRs, we tested the effects of miRNA binding-site mutagenesis on regulation of HMGA2 by the HIF1A 3 UTR in A549 cells ( Figure 4D-F) , compared regulation of PTEN cDNA and 3 UTRs in PC3 (Figure 5A) , and rescued the effects of siRB1 on PTEN and TP53 expression by transfecting RB1 3 UTRs in U2OS ( Figure 5B and C) . We selected two HIF1A 3 UTR miRNA binding sites for deletion. These sites, and associated miRNAs, had high confidence scores for regulating the two genes and mediating their interaction by members of multiple miRNA families. Each site, corresponding to a 7-base seed match of the regulating miRNAs, was independently deleted to produce two 3 UTR mutants, 1 and 2 (Figure 4D) . Transfections of mutants showed weaker HMGA2 up-regulation and siHIF1A rescue when compared with wildtype 3 UTR ( Figure 4E ). 1 and 2 also showed reduced sensitivity to miRNAs that are predicted to target the deleted sites ( Figure 4F) .
To disentangle the effects of RNA and protein-mediated regulation, we transfected PC3, a PTEN -/-cell line, with PTEN cDNA and PTEN 3 UTR. PTEN 3 UTR, but not cDNA transfections lead to significant upregulation of RB1 and TP53 in PC3 ( Figure 5A ). Moreover, in U2OS, siRNAmediated silencing of RB1 downregulated PTEN and TP53, while RB1 3 UTR transfection upregulated PTEN and TP53 expression and rescued the effects of siRB1 transfection ( Figure 5B and C) . These results suggest that observed effects are independent of protein activity and dependent on regulation by 3 UTRs and the miRNA binding sites embedded in them.
To further test the effects of perturbations targeting ceRNA regulators on the activity of their protein targets, we used VIPER to analyze 13 high-throughput assays where each of the six genes was targeted by RNAi and genomewide expression was measured by microarrays or RNA-Seq (75) (76) (77) (78) (79) (80) (81) (82) (83) (84) (85) . To determine whether VIPER could be used to evaluate these assays, we first tested whether silencing of each gene resulted in a significant (P < 0.05, VIPER) dysregulation to its inferred activity; e.g. siPTEN was expected to alter PTEN activity. In total, four assays failed this control and were eliminated from further consideration. Results of 18 tests based on the remaining 9 assays are given in Supplementary Figure S11 . In total, 16 of the 18 tests in osteosarcoma, breast, lung, ovary, prostate, and colon cancer cell lines showed significant reductions in the activity of our tested cancer genes following silencing of their ceRNA regulators (P < 0.05). Taken together, an investigation of six predicted ceRNA interactions from two networks of key cancer genes suggests that these interactions are present in every tested context, lead to changes to ceRNA-target protein activity, and are dependent on regulator 3 UTR expression--and particularly on miRNA binding sites in 3 UTR--but not on ceRNA-regulator protein expression. As an illustrating example of context-dependent mediation for PCI interactions, we identified the miRNAs that are predicted to mediate each of the three interactions in each of the four ceRNETs. For example, Cupid predicted that CCND1 and HIF1a have 38 shared miRNAs, but their ceRNA interaction was predicted to be mediated by only 16, 13, 12 and 11 miRNAs in BRCA, GBM, OV, and PRAD, respectively. miR-19a was the only mediator predicted to mediate this interaction in all four ceRNETs, resulting in no cross-ceRNET similarity: Krippendorff's alpha coefficient of −0.03 and Jaccard index of 0.03. Luciferase activity fold changes of constructs containing WT, 1, and 2 after transfecting miRNAs predicted to modulate HMGA2 regulation and target deleted sites. The region deleted in 1 was predicted to bind miR-17-5p, miR-18a-5p, miR-20a-5p and miR-106a-5p; 2 lost a predicted binding site for let-7g-3p, miR-493-5p and let-7a-2-3p; miR301a-3p was predicted to target WT, 1 and 2; and miR-557 was not predicted to regulate HIF1A. Notations ** and *** denote P < 0.01 and P < 0.001, respectively. Data are represented as mean ± SEM. 
PCI interactions predict expression in multiple contexts
To test whether PCI interactions may be present in contexts not used for its construction, we used PCI to predict expression in eight additional datasets. A unique property of ceRNETs is an increase in correlation between the expression of a specific target and the total expression of its ceRNA partners as a function of the number of partners (51) . This property has been attributed to combinatorial regulation by multiple ceRNA regulators that compete for common miRNAs.
To evaluate the predictive power of PCI, we report on (a) an evaluation of the predictive ability of PCI on the expression of targets in both tumor-related and non-tumor contexts and (b) median correlations between expression profiles of genes and the standardized totals of the expression profiles of their predicted PCI regulators. We used a ridge-regression within a 10-fold crossvalidation analysis scheme to predict the expression of each PCI target from the expression of its inferred regulators; see Methods for details. Our results, given in Figure 6 , confirmed that PCI interactions are predictive of ceRNA-target expression in the contexts used for its construction--GBM, OV, PRAD and BRCA tumor profiles--as well as in other tumor contexts, disease contexts, and pools of expression profiles from healthy cells from Gene Expression Atlas (86) . In every context tested, using both ridge regression and Pearson correlation, the expression of genes with few regulators in PCI could not be predicted, while profiles of genes with many regulators could be significantly predicted using the expression of their regulators. This observation is consistent with previous results based on ceRNA networks that were constructed in a context-specific manner (51) .
DISCUSSION
Recently, multiple kinetic models for ceRNA regulation have provided a mechanistic rationale for the coupling of RNA species that are regulated by the same miRNAs (15, 23, 25, 74) . However, these models do not account for the effects of mediation by multiple miRNA species with many other targets. We proposed a model for ceRNA regulation that accounts for the effects of mediation by multiple miRNA species with hundreds of targets and for regulation by multiple ceRNAs. Our analyses suggested that effective ceRNA regulation is strongly influenced by the abundance of its miRNA mediators and by the number their targets and that interactions that are mediated by many miRNA species are more likely to produce measurable effects. As observed by others, our model predicted that one miRNA regulator is not likely to mediate physiologically relevant ceRNA regulation (30) . GEA:Normal P<7E-126 Figure 6 . The predictive ability of PCI is context-independent. A unique property of ceRNETs is the increase in predictive ability and correlation between expression profiles of targets and their regulators as a function of the number of regulators (given in the x-axis in log2 scale) (51) . (A) The predictive significance of PCI interactions as a function of the number of regulators, as estimated using ridge regression analysis, assigning significance by bootstrapping residuals. ceRNA targets with the same number of predicted regulators were binned together, and median P values are reported for each group. (B) Pearson correlation between the expression profiles of each target and the average expression of their regulators. Pearson correlation obtained from shuffled networks shown using dashed lines, P-values estimated using K-S test. As shown, in every context, predictive ability improved with the number of ceRNA regulators. For both (A) and (B), the top, middle, and bottom rows summarize analyses of TCGA datasets used to build the PCI, TCGA datasets for other tumor types, and both cancer and non-cancer datasets from Gene Expression Atlas, respectively.
Based on our model, we hypothesized that ceRNAs that are co-regulated by many miRNAs are expected to be context-independent. Interestingly, an analysis of the overlap between ceRNETs that were independently reconstructed from four tumor contexts--the PCI--suggested that surprisingly many ceRNA interactions were predicted in each of the four contexts and that these interactions were enriched for genes that are co-regulated by many miRNAs.
Further analysis showed that PCI interactions are predictive of gene expression in each of twelve contexts, including tumor-and non-tumor cells. Moreover, biochemical assays supported PCI's context-independent nature. An important consequence of this work is that oncogenic drivers that were previously thought to be completely uncoupled present strong crosstalk, including CCND1, HIF1A and HMGA2 and PTEN, TP53 and RB1. This suggests that aberrant up or downregulation of any of these genes may produce an effect greater than what may be accounted for in isolation. We plan to explore the full coupling of oncogenes and tumor suppressors in a follow-up manuscript.
Our analysis suggests that ceRNA interactions that are mediated by many miRNAs are expected to have physiologically relevant effects and that models for ceRNA regulation must make an effort to account for all RNAs that influence ceRNA regulation. Unexpectedly, our model predicted that thousands of ceRNA interactions are expected to regulate gene expression in context-independent fashion and that these interactions form a unique regulatory network that may be regulating and altering gene expression in virtually all cellular contexts.
